3D shape acquisition of large facilities, such as industrial plants and power plants, has been receiving increasing attention for simulating complicated maintenance and repair tasks. It is widely recognized that model-based planning based on 3D CAD reduces the rework of maintenance tasks to a large extent. The state-of-the-art phase-based laser scanners are very promising to efficiently capture point-clouds of large facilities; because they can produce hundreds of millions point data in several minutes. However, point data captured from the phase-based scanner tend to include large noise components and quite a lot of outliers. In addition, very large memory space is required to generate solid models by processing very large point-clouds. Therefore, it is preferable to develop techniques that can extract surface primitives, such as planes, cylinders, cones, spheres, and tori from very noisy and large-scale point-clouds. This paper introduces a robust streaming smoothing operator for extracting surface primitives. Our method is based on robust estimate and can be applied to hundreds of million point data. We applied our smoothing operator to point-clouds captured from nuclear power plants, and could successfully extract primitive surfaces from large-scale noisy point data.
INTRODUCTION
The surface reconstruction of real-world artifacts has become popular in a wide variety of applications. In recent years, 3D shape acquisition of large engineering facilities, such as industrial plants and power plants, has been receiving increasing attention for simulating complicated maintenance and repair tasks. It is widely recognized that model-based planning based on 3D CAD reduces the rework of maintenance tasks to a large extent. Several commercial CAD systems actually support such simulations. However, one of the biggest obstacles that prevent utilizing CAD systems is that old facilities lack not only 3D CAD models but also reliable drawings, because many engineering facilities were built one or more decades ago and have been repeatedly renovated in their long lifecycles. In such cases, it is very useful to generate 3D as-built models by measuring real facilities. Most parts in engineering facilities are industry standard components, which consist mostly of simple surfaces, such as planes, cylinders, cones, spheres, and tori. Therefore, the important thing is to precisely extract equations of such primitive surfaces and to determine parameters of standard components rather than to determine general NURBS surfaces.
For constructing as-built 3D models for large facilities, stereo-photogrammetry has been widely used. This technique generates 3D models using two or more photographic images taken from different positions. Common points are identified on each image and 3D coordinates are calculated to determine the sizes and positions of primitive objects. Although stereo-photogrammetry is a practical method, it requires long-term monotonous work for creating complete 3D models, when large facilities, such as power plants, are modeled.
Point-based modeling techniques have possibilities to construct 3D models of large facilities in short time at low cost. Point-based modeling has achieved a great success in reverse engineering of mechanical parts. In most cases, pointclouds are captured using the triangulation-based laser scanner, which can produce dense point-clouds with a high degree of accuracy. However, the triangulation-based laser scanner typically covers only within a range of a few meters and therefore is not suitable for measuring large facilities.
Two other types of laser scanners can be used for measuring large facilities. One is the time-of-flight scanner, which measures the round-trip travel time of the laser pulses. This type of scanner can measure in the range of a few hundred meters. However, it takes a lot of time to measure many points that cover large facilities, because the time-offlight scanner must wait a round-trip laser pulse whenever it measures the coordinate of each point on the object. The other type is the phase-based laser scanner. This type of scanner radiates continuous modulated laser pulses and calculates distances using the phase difference between the emitted and received signals. The state-of-the-art phasebased laser scanner can measure objects up to 53 or 79 meters [1] . One great advantage of this type of scanner is that it can measure two hundred million points in 6 min 44 sec. These measuring range and speed are sufficient for most engineering facilities. The phase-based laser is considered most promising for as-built modeling of large facilities.
However, there are two major problems to be solved for extracting shape parameters. One is the processing of noise and outliers, and the other is the processing of enormous amount of point data. 3D point data acquired by the phasebased laser scanner include large noise components along the laser pulses (Fig. 1) . While the directions of the pulses are precisely aligned mechanically, the measured distances are prone to errors. Since a certain rate of distance errors are greater than 6 mm, the surface of a mesh model often becomes "prickly," as shown in Fig. 1(c) . As shown in this figure shows, point-cloud data from the phase-based scanner are much noisier than the data from the triangulationbased scanner. Region-growing [2, 3] is a typical surface extraction method for detecting planes, cylinders, cones, spheres and tori in point-clouds. This method starts from a small seed region and extends the boundary of the region by checking if neighbor points satisfy the surface equation. Since noisy data prevent to grow regions, it is highly required to smooth point data. Other segmentation techniques [4, 5] have also difficulties in the case of noisy data, because they require local differential properties.
The moving-least-squares (MLS) method is a popular tool for generating smooth surfaces [6] [7] [8] . The MLS projection calculates a locally smooth surface around each point and projects the point onto the smooth surface. However, MLS projection often fails to preserve geometric features, when outliers and high levels of noise are involved in point data. We applied the MLS method to many point-clouds data captured from the phase-based scanner, and we found that the MLS method failed to generate smooth data while preserving geometric features. This is because the phase-based scanner produces much more outliers and much larger noise components than the triangulation-based scanner. Several researchers have reported on their efforts to control the parameters of the MLS method for improving the quality of smoothing [9] [10] [11] [12] . However, it is not easy to apply these methods to point-clouds in which quite a lot of outliers are included. Fleishman et al. [13] discussed robust statistical methods and introduced the least median of squares metric. Lipman et al. [14] proposed a Locally Optimal Projection operator (LOP) based on the L1 median, which is the absolute value of a distance function. These methods are robust to outliers, but they are very time-consuming and therefore inadequate to process hundreds of millions of points.
In this paper, we introduce a robust surface estimator based on M-estimate, and we smooth a large number of points in out-of-core manner. Then, we will show that geometric surfaces can be successfully extracted using a region growing method and their equations can be precisely determined. In the following Section, we will explain the phase-based scanner and out-of-core processing. Section 3 presents our smoothing method and shows some experimental results. In Section 4, we will explain surface extraction. Section 5 states conclusions.
POINT DATA FROM PHASE-BASED RANGE SCANNER
The phase-based laser scanner can capture hundreds of million points in several minutes. Fig. 2 shows an example of captured points of a power plant. Our current goal is to extract surface primitives from such point-clouds as precisely and stably as possible. It is convenient to represent each point in spherical coordinates ( , , ) r   , where r is the distance from the origin,  is the longitude, and  is the latitude. Fig. 5 shows a 2D image generated by developing the unit sphere to the    plane. In the case of point-clouds from the phase-based scanner, point data can be easily converted to a mesh model by using the adjacency relationships on the    plane. This is an advantage of this type of scanners. Fig. 1(b) shows such a mesh model. In addition, the phase-based laser scanner outputs from tens of millions to hundred millions points in each scan. This means that the data size easily exceeds the capacity of ordinary 32-bit PCs. Despite this, it is not a good choice to reduce the number of captured points, because statistical processing is required to estimate the real positions of measured points, as discussed later. For precisely calculating geometric properties, out-of-core methods are preferable to process whole point-clouds captured by the phase-based scanner.
Fortunately, out-of-core streaming processes are easily realized in this case, because point data captured by the phasebased scanner are coherently ordered in files, as shown in Fig. 6 . Since our algorithms require only a certain range of neighbor points, all we have to do is to load points in the sufficient number of lines in Fig. 6 , and only maintain them in RAM. This simple method enables efficient streaming processing for hundreds of million points. The data coherency that can be used for streaming processing.
SMOOTHING NOISY POINT-CLOUDS

MLS Projection
MLS projection [6, 7] is a popular tool for calculating smooth surfaces from noisy point sets. This method approximates the neighborhood of a point by a local polynomial surface and projects the point onto the local surfaces. However, in our experiments, conventional MLS projection is not necessarily suitable for point-clouds captured by the phase-based scanner. Here, we will briefly explain MLS projection and show point data to which MLS projections are applied.
In the first step of MLS projection, a local reference plane We applied this method to point data captured by the phase-based scanner. Fig. 7 shows a result of MLS projection. Fig.  7(a) is a brightness image of a target part. Fig. 7(b) is the input noisy mesh model, which was generated using adjacency relationships on the    plane. 
Surface Estimation Based on M-Estimate
For robustly smoothing noisy point-clouds, we first assume probability density functions for the distribution of noise components and then calculate the maximum likelihood surfaces. This approach can be formalized as M-estimate [15] [16] [17] . While the conventional MLS projection implicitly assumes the normal distribution, which is sensitive to large noises and outliers, we design a new smoothing operator on the basis of more robust distribution functions.
Let points
be sampled from a smooth surface. N is the number of neighborhood points.
is an equation of a smooth surface, where
denotes parameters of the smooth surface and M is the number of parameters.
Our goal is to estimate the most likely parameters of the surface. We represent the residual of point i x as:
where  is the standard deviation of the values of ( | )
i S x a . Given the probability density function ( ) f r , the maximum likelihood estimateâ can be calculated as:
or equivalently,
where
is differentiable,â can be solved by: is a weighting function of point i
x .
Various functions can be assumed as the probability density function ( ) f r . Fig. 8 shows three well-known distributions. The tail of the Lorentzian distribution is the longest among the three distributions. Roughly speaking, a longer tail means higher robustness against outliers.
When ( ) f r is the normal distribution,  is represented as The Lorentzian distribution provides an even more robust function: 8) and the weight is: This weight implies that larger residuals have smaller weights, and therefore outliers will have no practical impact on the estimation of parameters. Therefore, it seems that the Lorentzian distribution is the most suitable for our purpose in the three distribution functions. Then we derive projection operators based on the Lorentzian distribution, and evaluate its quality using real data sets. Fig. 8 : Examples of probability density functions.
Robust Surface Smoothing Operation
be the equation of a quadric polynomial surface, which is used to locally approximate the neighborhood of point i p . We introduce a new MLS-like surface estimator based on robust estimate. The smooth surface is then calculated as: When the normal distribution is assumed, the maximum likelihood surface can be calculated using 2 ( ) r r   as:
For the Lorentzian distribution, the maximum likelihood surface can be calculated using
Experimental Results
Given error-free data, these two types of optimizations, each of which is based on
obviously produce the same results. However, they produce quite different smoothed results for noisy point data.
Eqns. (3.12) and (3.13) can be solved by nonlinear optimization techniques, such as the Levenberg-Marquardt and Gauss-Newton methods [18] . After quadric polynomial surfaces are obtained, point i p is replaced to the projected point on the surface. Fig. 9 shows a comparative evaluation of an MLS projection and the Lorentzian surface estimator (LSE).
We evaluated two operators using various parameters for h , which is defined in Eqn. (3.11) . The value of  in Fig. 9 is the average spacing between neighboring points. Clearly, the method developed here produced better results from the standpoint of eliminating noise and preserving features. MLS operators caused artifacts on the surfaces and incorrectly smoothed out the corners of the object. The close-ups of the smoothed models are shown in Fig. 10 . Fig. 11 illustrates how to process large-scale point data. Point data are almost coherently ordered, but there are some missing points and un-arrayed points, as shown in Fig. 11 . Therefore, we segment point data on the    plane into long rectangular strips, as shown in Fig. 6 , and we convert point data in each strip into a mesh model. Fig. 11 shows three strips. Each strip is sequentially triangulated using the constrained Delaunay triangulation. In Fig. 11 , Strip-1 is first triangulated without constraints, and then Strip-2 is triangulated using the boundary edges of Strip 1 in the constrained Delaunay triangulation. The boundary edges of Strip-2 are also used as the constraints for Strip-3. When the process of Strip 2 is finished, point data in Strip 1 are eliminated from RAM.
Streaming Processing
The mesh data of each strip are used as the input to the Lorentzian surface estimator, which detects neighbor points and smoothes noisy points. Fig. 12 illustrates a pipeline for generating a smooth mesh model from largescale point cloud. This pipeline allows processing large-scale point data in a streaming manner. In this pipeline, the most time-consuming task is to solve the non-linear optimization for Lorentzian surface estimator. Since the smoothing of each point can be calculated independently, the smoothing process can be parallelized on multi-core CPUs. Fig. 13 shows an example of large-scale point-clouds. This data was captured by a single scan of the phase-based scanner. The number of points is about fifty million. The smoothed result was calculated using a streaming process. CPU time for generating this large smooth mesh model was about 13 min on the Intel 2.66GHz quad-core CPU. Our current implementation is parallelized for multi-core CPUs and the performance is nearly proportional to the number of processor cores. 
SURFACE EXTRACTION
In the next step of processing, primitive surfaces are extracted from smoothed point-cloud data. We extract regions of surface primitives by the following steps:
(1) A mesh model is generated from the smoothed point-cloud data using streaming processing.
(2) The    plane is subdivided into small rectangle regions.
(3) A primitive surface is fitted to points in a rectangle region. If fitted, the region is used as a seed of region growing. (4) The seed region repeatedly grows if adjacent points fit to the primitive surface. Fig. 15 shows that a cylinder was reasonably fitted to the original point set, even when the cylinder was only partially sampled. This example indicates that our method can stably extract primitive surfaces from very noisy point-cloud data captured by the phase-based scanner. 
CONCLUSIONS
The state-of-the-art phase-based scanner produces hundreds of millions point data by a single scan. Such point data tend to include large noise components and quite a lot of outliers. In this paper, we extracted primitive surfaces from such point data. For managing noise and outliers, we introduced a new robust smoothing operator based on the Lorentzian estimate. We applied the smoothing operator to point data captured from the phasebased scanner and showed that the Lorentzian surface estimator worked better than the conventional MLS projection. Since our smoothing operator allows streaming and parallelized calculations, large point-clouds, which sometimes exceed the limit of 32-bit PCs, could be efficiently processed on ordinary PCs. In addition, we showed our method could be used as a good pre-process for extracting primitive surfaces from large noisy point-cloud data.
In future work, we would like to identify distribution functions of errors in captured data. In addition, it would be desirable to improve the performance of the optimization processes, because it is still time-consuming to process hundreds of millions of points. Finally, to construct a whole 3D model of a large facility, it is necessary to merge point data captured from several positions. There is therefore a need to investigate registration methods for very large and noisy point data.
